Given that the USA and Germany are the most populous countries in North America and Western Europe, understanding the behavioral differences between American and German users of online social networks is essential. In this work, we conduct a data-driven study based on the Yelp Open Dataset. We demonstrate the behavioral characteristics of both American and German users from different aspects, i.e., social connectivity, review styles, and spatiotemporal patterns. In addition, we construct a classification model to accurately recognize American and German users according to the behavioral data. Our model achieves high classification performance with an F1-score of 0.891 and AUC of 0.949.
is obtained using traditional methods, such as questionnaires, video documentation, and other personal interview methods.
Compared with rather static online textual data (which remains untouched once published) such as news or web pages, situation-aware interactive information like user reviews and comments provides more daily life-related and accessible (typically via text) opinions and thoughts. Nowadays, Online Social Networks (OSNs) [4] have witnessed rapid growth, attracting billions of users worldwide. People contribute to profiles, social activities, and life tracks on OSNs, and deep cultural impacts exist among these behaviors. Krasnova and Veltri [5] conducted a survey on Facebook to explore the differences in individual willingness to self-disclosure between American and German users via a questionnaire to Facebook users. They concluded that American users are more active on Facebook and have higher privacy concerns than Germans. To our knowledge, Ref. [5] is the first work that has analyzed users' online behavior from a cultural perspective. However, given that most of the cultural phenomena evolved for many years and developed from generation to generation, the scale of the online surveybased research is, although larger than the survey in the real world, still not large enough to form a cultural impact. Further, data comprehensiveness is of great consequence to cultural analysis. Apart from the answer to the questions in the survey or text posted by users, the movement pattern and Points-Of-Interest (POIs), which are closely related to the cultural impact on a user, also matter.
To this end, Location-Based Social Networks (LBSNs), such as Yelp [6] , Foursquare/Swarm [7] [8] [9] , Momo [10] , Skout [11] , and Dianping [12, 13] , which allow users to undertake location-centric activities in addition to social interactions, offer a viable data source for such cultural studies. These LBSN platforms record the activity data of massive users and provide researchers a great opportunity to compare human behavior from both spatiotemporal and social networking perspectives.
The USA and Germany, which have the largest populations in North America and Western Europe, respectively, are two important culture clusters in the world. They have different languages, traditions, and geographical conditions but also share the same Anglo-Saxon origins. First, Germans care more about social stability than Americans [14] , whereas Americans tend to become outstanding individuals because of their elite culture [1] . Second, in terms of collectivism, Germans prefer risk taking and uncertainty avoidance compared with Americans [15] . However, the differences between German and American users in terms of behavioral patterns are rarely studied. We aim to know whether the behavior of users on LBSNs is consistent with previous cross-cultural research results [5, 16] and if not, identify which aspects of behavior have changed online.
In this paper, we use data from a representative LBSN, Yelp, as basis for our study. We conduct a data-driven study based on the Yelp Open Dataset (https://www.yelp.com/dataset). Yelp can help people discover local businesses, a.k.a., POIs, such as restaurants, hospitals, or spas. It allows users to publish reviews or conduct check-ins in selected businesses. Yelp users completed more than 142 million reviews by the end of Q3 2017 (https://www.yelp.com/about). Moreover, Yelp serves more like an "urban guide", a review platform with location information and category preference, rather than a channel that only helps you make friends. This platform partially reflects various aspects of people's daily life, which allows the inference of the entire profile and clear social engagement of a user. Given its popularity and rich user-generated content, Yelp is selected for our user behavior study. Compared with Ref. [5] , social connectivity, spatiotemporal patterns, and writing styles are combined based on the data from a much larger scale of users in our work. We select the USA and Germany as the examples to understand online behavior from a cultural perspective and make comparisons between these two representative cultural clusters in North America and Western Europe respectively. Our key contributions are summarized as follows.
We provide a comprehensive statistical and demographic analysis of American and German users' behavior based on the Yelp Open Dataset, and compare the results in a comprehensive manner. We find that American users are more influential on Yelp than German users, and their friends are scattered in more cities. Our spatiotemporal analysis shows that German users have a clearer line between daytime and nightlife than American users. On the basis of our analysis of review texts, we also prove that collectivism is important for German users, whereas individualism is a priority for American users.
In this paper we verify the feasibility of applying big data analysis in the context of cultural behavior. In particular, we employ our analysis of users' online behavior to construct a classification model that can accurately detect whether a user is from the USA or Germany. With this classification model, we achieve an F1-score of 0.891 and AUC of 0.949 for detecting whether a Yelp user is from the USA or Germany, which serves as a strong buttress of our analysis and feature selection. We find that writing style-and social graphrelated features are the most distinguishing features to differentiate American and German users.
The rest of the paper is structured as follows. We first introduce Yelp and the dataset used for our study in Section 2. In Section 3, we analyze the data for both user groups and businesses on Yelp from a cultural view of USA and Germany and identify the features that are strongly related to cultural diversity. We then provide comprehensive evaluations on our classification model using various supervised machine learning algorithms, including the importance of different feature sets, in Section 4. We review the related work in Section 5 and conclude this work in Section 6.
Background and Dataset
In this section, we provide an overview of Yelp and then introduce the dataset used in this study.
Background of Yelp
Founded in 2004, Yelp.com has become one of the world's largest online "urban guide" and business review sites [17] . On Yelp, users can write reviews, upload photos, conduct check-ins, and rate their experiences at different types of businesses such as restaurants and hotels. Yelp allows a user to conduct a check-in at a business only when the user is close enough to the business. In addition, users are supposed to give a review of a business several days after their visit. Yelp covers 21 main categories and over 1200 sub-categories of businesses (www.yelp.com/developers/documentation-Fusion). It provides a platform for users to express their preferences over different business categories. Meanwhile, it serves as a social networking platform. Users can make friends with other users who show interests to similar business categories. Together with reviews and check-ins, the data about users' preferences and friends reflect user behavior in daily life in an informative way.
Dataset description
We study the Yelp Open Dataset, which was used in the Yelp Dataset challenge. The dataset covers over 4 700 000 reviews, 156 000 businesses, and 1 100 000 users. Each review contains text and/or rating attributes.
The dataset is composed of 11 tables. For each user, we can obtain his/her friends, the year when the user started using Yelp, average number of stars, and other comprehensive assessments of his/her reviews and tips. For each business, its location, category, reviews, tips, and check-ins are all available. Regarding each user's home city, we assume that the user belongs to the city where he or she reviews most, defining the city as the "home city" and getting the country information accordingly. Regarding users' home countries, the USA, Germany, Canada, and UK are the four main countries.
Data Analysis
In this section, we study the behavior of American and German users using the Yelp Open Dataset described in Section 2. Our goal is to better understand the differences and similarities of American and German users in terms of location distribution of friends, social graph characteristics, writing style of reviews, preference for business categories, rating preferences, and temporal patterns of check-ins. This section is divided into three subsections, i.e., social graph, reviews, and check-ins.
Analysis of the social graph
To understand the social behavior of American and German users on Yelp, we use the Stanford Network Analysis Platform (SNAP) [18] for social graph analysis. SNAP is a general purpose network analysis and graph mining library written in C++. Using SNAP, we then analyze some representative network metrics, i.e., degree, Clustering Coefficient (CC), PageRank, and connected components in Yelp's social network G.
Analysis of the social graph as a whole
The Yelp's friendship network, G, has 8 981 389 nodes and 35 444 850 edges. Figure 1a shows the Cumulative Distribution Function (CDF) of the degrees in G. The degree of a node represents the number of edges connected to the node. A higher degree in G means that the user has more friends. No nodes have zero degrees, which means that any user on Yelp has at least one friend. The average degree of G is 7.0. Compared with many other OSNs, 7.0 is a small average degree. Given that Yelp is not a website dedicated to social networking, users on Yelp are not chasing after a large number of friends. Therefore, the connection on Yelp is looser than that in most OSNs.
The CC measures the cliquishness of a typical friendship circle. A higher average CC indicates that it is more likely for nodes to form tightly knit groups. Figure 1b is the CDF of CC of the nodes in G. Over 70% of Yelp users have a CC of zero and the friendship networks' average CC is 0.055, which demonstrates a weak connection between Yelp users. This result is due to users that employ Yelp as a guide service rather than a networking site.
PageRank is a metric that quantifies the importance of different nodes in a network [19] , which has been applied by the Google search engine to rank websites. The PageRank value of any node of a network is between 0 and 1. A higher PageRank value suggests that the corresponding node is more important in this network. In Fig. 1c , the CDF of PageRank displays similar results. Figure 1d shows the sizes of the top 10 connected components. The connected component is a subgraph in which any two nodes are connected to each other by paths, and this subgraph connected to no additional nodes in the supergraph. A total of 18 512 connected components exist in network G. The largest connected component has 8 938 630 users, covering 99% users in the Yelp Open Dataset. The second largest connected components have 15 nodes and the third to sixth have 14 nodes each. We also calculate the distribution of the shortest path lengths of all node pairs in the Largest Connect Component (LCC), as displayed in Fig. 1e . The average shortest path length is 4.93, and the average CC of G is 0.055.
We further study the density of the "core" of the Yelp friendship network G. From 0.01% to 10%, we remove some nodes with the highest degrees from the network and analyze the remaining nodes. As in Fig. 1f , we group the remaining nodes into three categories, i.e., the LCC, singletons, and middle region. We find that the number of singletons already surpasses that of the nodes still in LCC after we remove 5% of the nodes with the highest degree. Therefore, Yelp's friendship network is not as strongly connected as other mainstream OSNs, such as Renren [20] and Cyworld [21] . Table 1 shows the mean and variance of CC of American and German users' social graph, which indicates that the mean of CC of American users is slightly higher than that of German users. We also compute the mean and variance of degrees in the American and German users' social graph. The mean and variance of degree of American users are both larger than those of German users. In other words, some American users make a lot more friends on Yelp than German users.
Comparison between American and German users
In Table 1 , both the mean and variance of PageRank values of German users are larger than those of American users. The PageRank values are used to define the top 0.1% users of the whole social graph as "influential users". We use one set, P, to represent the influential users of the entire graph. We also find that 0.31% of the American users belong to P, whereas for German users, that number is 0.18%. These results illustrate that both the USA and Germany have more influential users than the average level of the entire network of Yelp. Moreover, the proportion of influential users is higher in American users than in German users. Figure 2 reflects the location distributions of friends of American and German users. The x-axis represents the number of cities where the users' friends are spread.
The y-axis indicates the percentage of users who have friends in a certain number of cities. As shown in Fig. 2 , the share of German users who only have Yelp friends in one or two cities is greater than that of American users. When the number of cities is three or higher, the share is about 15% larger in American users. We find that German users' friends are gathered in few cities, whereas the location distribution of American users' friends is slightly wider than that of German users'.
Analysis of reviews
Apart from the analysis of social graph in Section 3.1, we also group the reviews in accordance with the country where the businesses and the users are located. In Section 3.2.1, the text attribute of review serves as a significant part when analyzing the character trait. We then give the category preference of American and German users in Section 3.2.2. Subsequently, we present the visit and rating preference in Section 3.2.3.
Writing style analysis
Linguistic Inquiry and Word Count (LIWC) [22] is used to fully understand the text of reviews. It has been widely used in computerized text analysis to learn how the words we use in everyday language reveal our thoughts, feelings, personality, and motivations. In our study, given that the text of reviews comes from two languages, namely, English and German, we also use the German LIWC2001 Dictionary [23] . As shown in Table 2 , the numbers represent the occurrence frequency of a specific set of words. In the first two columns, "Affect" and "Anger", which represent the affective process with the example words "happy", "ugly", and "bitter" and contents with "hate", "kill", and "pissed" [24] have something to do with indulging in anger. The average occurrence of "Affect" and "Anger" is higher among American users than among German users. As in Ref. [25] , American students behave in a more affective way than German students and this conclusion conforms to our results from emotions behind writing style. With regard to the "Tenta" (representing the tentative words) and "Certain" (representing the certainty), American users prefer to write tentative-related words such as "maybe", "perhaps", and "guess" [24] , whereas German users mention certainty-related words like "always" and "never" frequently. For "Swear", including words like "fuck", "damn", and "shit", German users are less likely to use swear words than their American counterparts when reviewing on Yelp. Words such as "buddy" and "neighbor", which belong to the "friends" category, appear more frequently in American users' reviews than in German users' reviews.
In Table 3 , we also determine the differences in occurrence frequency of "I", "We", and "Leisure" in the six main categories between American and German users. The frequency of writing the reviews with the pronoun "I" by American users is twice than that of German users. When talking with "We", the most possible category American users are in is "Nightlife", whereas it is "Restaurants" for German users. We believe the frequency of the usage of "We" can be positively related to the high prevalence of people going to the particular category of businesses together. Therefore, "Nightlife" and "Restaurants" serve as the favorite category of American and German users, respectively, when they go out for social gatherings.
Preference for business categories
Experimentally, our results indicate the distinction of category preference between American and German users. We analyze the distribution of reviews in 10 main categories. Figure 3 displays the category pattern of American and German users, with the y-axis describing the logarithmic coordinates of review percentage of a certain category. For "Food", "Nightlife", and "Shopping" categories, American and German users share similar preferences in general. For other categories, visible differences are found. We find that German users show great interests to "Restaurants" as German users' percentage is 49%, which is much larger than that of American users' (41%). American users visit businesses in the category of "Beauty & Spas" (including subcategories like "Barbers", "Hair Loss Centers", and "Day Spas"), "Health Medical", "Home Services", and "Automotive" (including subcategories such as "Auto Detailing", "Registration Services", and "Car Wash") much more frequently than German users, except in "Public Services".
Visit & rating analysis
For the rating section, we also compute the star preference for businesses of American and German users. In the Yelp dataset, the average stars of American and German users are 3.73 and 3.78, respectively, with similar variance (1.18 and 1.01, respectively). As shown in Fig. 4 , the star does not follow a normal distribution and most of the users have a rating of 3-5 in a five-point scale. German users prefer to grade businesses with a high point but not full. By contrast, American users are more likely to give 1 out of 5 or 5 out of 5 compared with German users, who adopt a milder rating style. Figure 5 displays the CDF of the percentage of users' review out of their home city (we call it outer review percentage in the rest of this paper) of users whose review count is larger than zero. In general, American users have a larger outer review percentage than German users. Considering the friend distribution in Section 3.1.2, the location distributions of friends and reviews of American users are both wider, whereas those of German users' are both centralized to few cities. Our results also exhibit the strong and positive correlations of visit and friendship distribution as displayed in Ref. [26] .
Analysis of check-ins
Temporal distribution of check-ins has been widely used to characterize the behavior of LBSN users [27] . We analyze the temporal patterns of check-ins at businesses in Fig. 6 . The y-axis represents the percentage of checkins during each hour of a week. Figure 6 illustrates that American and German users both conduct more check-ins between Monday and Saturday and much less on Sunday. Simultaneously, the differences in German users' everyday noon peak (the first peak of a day) and night peak (the second peak of a day) can reach 6%, which is much more explicit than that of American users (0.03%). Given the exact time of everyday, we find that the lunch and dinner peaks of German users are around 11 a.m. and 6 p.m., respectively, whereas those of American users are around 1 p.m. and 10 p.m., respectively.
Implementation of the Country Classification Model
After comparing the behavior of social graph, reviews and check-ins between American and German users on Yelp, we establish a broad sense of the behavioral differences between these two groups of users and attempt to understand the cultural influence behind these behavioral differences. From an integrated view, we implement a model based on the features extracted from the analysis results in Section 3. This model aims to predict a user's home country and evaluate the classification performance of our approach and other related proposals. In addition, we investigate the importance of each feature to examine the extent these various features can influence the behavior of American or German users on Yelp.
In this section, we include the implementation details and evaluation process of the classification model. First, we present a brief introduction to the tools and methods used in our study. We then describe the training and testing sets. Finally, we describe the importance of each feature set and assess the performance during country classification. To better implement the machine learning algorithms for the classification model, we adopt XGBoost [28] and Weka [29] . Specifically, XGBoost is a scalable machine learning system for tree boosting, which is widely used in machine learning contests. Weka supports a collection of machine learning algorithms for data mining tasks and it is implemented in Java. The algorithms in Weka include but are not limited to Random Forest (RF), Support Vector Machine (SVM), and C4.5 Decision Tree (J48).
To construct a training and validation dataset, we randomly select 700 American users and 700 German users from the Yelp dataset. We adopt four representative metrics, namely, precision, recall, F1score, and AUC, to evaluate the performance of our classification model. Precision refers to the fraction of predicted German users who are really German users. Recall represents the fraction of German users who are accurately identified. F1-score is defined as the harmonic mean of precision and recall. AUC is short for "Area Under Receiver Operating Characteristic (ROC) Curve". Its value is equivalent to the probability that a randomly chosen positive example is ranked higher than a randomly chosen negative example [30] . We adopt several classic machine learning algorithms to train and validate our model using ten fold cross validation. For each algorithm, we apply grid search to find the "best" parameters, during which our goal is to achieve a high F1-score. After parameter tuning, we randomly select another 350 American users and 350 German users for testing and use the trained model to detect each users' home country. Table 4 shows our classification 
Evaluating classification model as a whole
As in Fig. 7 , we first include all the 25 features as a whole for classification. We divide these features into four sets as in Table 5 . Seven features represent the review counts of seven main categories in businessrelated feature sets, four represent social graph-related feature sets, ten are in writing style-related feature sets, and four comprise visit and rating related-feature sets. Table 4 compares several supervised machine learning algorithms including XGBoost, Random Forest (RF), C4.5 Decision Tree, SVM, and BayesNet. In particular, we consider SVMp (with polynomial kernel). Using McNemar's test [31] to compute statistical significance, we find that the prediction performance of nearly every two classifiers is significantly different (p < 0:005, McNemar's test). The only exception is when we consider the RF and XGBoost classifiers, as the difference between them is unremarkable (p > 0:2, McNemar's test). These two classifiers have much better prediction performance than the other ones, implying that they both can be used for classifying cultural belonging in practice. With the overall consideration of F1-score and AUC, all the F1-scores in our results from different algorithms are larger than 0.850. Among them, RF performs the best with an F1score of 0.891 and AUC of 0.949. We adopt RF in the following subsection to compare the contributions of Number of words per sentence Frequency of occurrence of preposition Frequency of occurrence of pronoun Frequency of occurrence of "Anger" Frequency of occurrence of "Leisure" Frequency of occurrence of "Sad" Frequency of occurrence of tentative words like "maybe", "perhaps" Frequency of occurrence of certain words like "always", "never" Frequency of occurrence of "Friends" Frequency of occurrence of swear words Fig. 7 Overview of the classification model. different features.
Evaluating the contribution of different feature sets
To better understand the importance of different kinds of features in the model, we list the 2 (Chi-Square) statistics [32] of the top nine features. As shown in Table 6 , the most discriminating feature is "Pronoun", which represents words like "I" and "You". Meanwhile, the features from writing style analysis such as "Preps (preposition)", "Tentat (tentative)", and "Certain (certainty)" are more important than other features. The writing style-related feature set plays an important role in distinguishing between American and German users on Yelp. However, social graph-related features such as "CC", "Friend City Num", and "PageRank" are also of importance, ranking the fifth, sixth, and seventh, respectively, in Table 6 . To understand more details about other feature sets, we also evaluate four feature sets independently and compare their performance. Results are shown in Table 7 . With the 10 writing stylerelated features, we achieve an F1-score of 0.878 and AUC of 0.937. For the social graph-related feature set, F1-score is 0.741 and AUC is 0.823. For the other two feature sets, F1-score is 0.617 and 0.601, and AUC is 0.660 and 0.619 of business-related features and visit and rating-related features, respectively. Corresponding to Chi-Square statistical analysis, the differences in writing style and social graph are the two most 
Related Work
Combining the features of social networks with geographic information sharing, LBSNs are becoming increasingly popular. Some recent works focused on exploiting online social interactions among individuals to explain social phenomena. For example, Topa [33] generated a stationary distribution of unemployment which exhibited positive spatial correlations. Wal and Boschma [34] applied social network analysis in economic geography. For friendship distribution and user mobility, Liben-Nowell et al. [35] introduced a model capturing user behavior in real-world social networks and found that the probability of befriending a particular person and the number of closer people are inversely proportional. Cho et al. [26] discovered that long-distance travels are more likely influenced by social network ties compared with short-ranged travels. Those studies provided strong evidence that data on LBSNs can be utilized to analyze groups of user behavior. However, no studies have leveraged LBSNs for understanding cultural differences between the behaviors of users from different countries.
In the past decade, Yelp has become a worldwide online business review site, which records millions of reviews and business preferences of users from different countries. With the Yelp Open Dataset, numerous researchers have conducted studies on Yelp. Byers et al. [6] studied the correlation between the Groupon behavior of a business and the user rating distribution to this business. On the Yelp Open Dataset, fake reviews or malicious reviewers were filtered out by analyzing the texts of reviews [36] [37] [38] . Moreover, Refs. [17, 39] leveraged the rating and category or business preference extracted from the keywords or sentences in the text to analyze users' appetite and understand users' feedback. Furthermore, text and rating were also used together to understand users' feedback [40] . In this work, we combine the text, rating, and reviews on Yelp to form a comprehensive understanding of user behaviors from two cultural clusters.
To understand user behavior from a cross-cultural perspective, a preliminary work [41] reported that different cultural backgrounds have impacts at the individual level on IT acceptance. To our knowledge, Ref. [5] is the first work that applied cultural analysis methods while studying the self-disclosure behavior on OSNs. They conducted a survey on Facebook and explored the differences in individual willingness to self-disclosure between American and German users. Reference [42] also analyzed the daily habits of school pupils in Germany and China. Unfortunately, both studies [5, 42] relied on data collected from online surveys, which were quite limited. Garcia-Gavilanes et al. [43] considered the text-based "big data" on Twitter to ascertain whether a strong relationship exists between users' behavior on Twitter and traditional cultural theories. Even though Ref. [43] explored a large scale of users, aforementioned works [5, 42, 43] lacked rich features in their data, which are largely based on either answers to a questionnaire or the "free text" on Twitter. In addition, for Ref. [43] , they cared about the relationship between users' online behavior and real culture phenomenon but did little about the differences in users' behavior between certain culture clusters, i.e., cross-cultural behavior. To narrow the gap between comprehensive data and online cross-cultural behavior, our work combines social connectivity, spatiotemporal patterns, and writing styles of users on Yelp to understand the differences and similarities between American and German users. We build on these past works to study the feasibility of using review-based websites to analyze cultural differences between certain cultural clusters.
Conclusion
By referring to the Yelp Open Dataset, we use the behavioral information of massive users to explore the differences between American and German users. We find that the major differences are category preference, mobility pattern, friendship distribution, rating preference, and writing style. We utilize the results to extract several human behavior patterns and generalize their features. In addition, we build a classification model to detect where a certain user comes from based on the extracted features. With this model, we validate our analysis results and gain a better understanding of the importance of various feature sets in forming a human behavior pattern on Yelp.
The cultural causes of user online behavior should be studied in future work. Expanding the variety of social platforms, for example, to other LBSNs like Foursquare, would be an important study for us to analyze the cultural differences, in combination with the present study using Yelp. We plan to use cross-OSN links [44] to obtain a user's activity data from different OSN sites. Meanwhile, an offline user study is also in our plans. We aim to build an overall behavior pattern of cultural consequences which can be applied to people with different cultural backgrounds. 
